ABSTRACT Point cluster generalization is a major concern in cartography. This problem is complicated by how to preserve the distribution patterns (e.g., density) of points during the process of deriving small-scale maps from a large-scale map. To address this problem, existing methods adopt geometric models such as planar Voronoi diagram, which considers the geographic space as an ideal Euclidean one. The associated operations determine the relationships of points based on the Euclidean straight-line distance. However, many map features are in different geographic environments. For example, as one of the most significant features on a map, urban facilities rely on the transport function of street networks to compete for service areas, and thus their distributions, in reality, are constrained to the spatial layout of street networks. To preserve such characteristic after generalization, this paper establishes a network-constrained Voronoi model for delimitating service areas of facility points-of-interest (POIs). With the help of Voronoi model, the proposed method further treats the generalization process of facility POIs as a compete and merge iterative process of service areas: a facility that has a relatively small service area faces more intense competition from its neighbors and by deleting it from the resulting small-scale map in the first priority its service area will be partitioned and merged to the neighbors. The experimental results demonstrate that our method considers the service patterns of facility POIs is particularly useful in applications related to navigation.
I. INTRODUCTION
Due to the rapid development and extensive application of crowd-sourcing technologies, there is increasing spatial data in the map space. In addition to the traditional map features (e.g., terrain spot heights), more features such as urban facility POIs (points-of-interest) and movement trajectory points have been collected. Although these data presents a new opportunity for people to explore surrounding environment, they have the characteristics of varied semantic information and huge quantity. Today, lots of maps need to be condensed to represent such crowded information in a fairly readable form. Through the effective map generalization, the multiscale maps can serve as a useful tool to help readers quickly
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Map generalization aims to abstract spatial information at different levels of detail. The relevant techniques have been widely used in applications such as navigation and progressive transmission of vector data over the Internet [4] - [6] . Among them, point cluster generalization is one of the most significant problems in cartography, because many features are represented as point symbols on the target maps. Whether on a large-scale map or a small-scale map, point symbol expresses the location and distribution information of target entities/events with its most simple and direct form. It is not difficult to find that in today's connected era, more and more mobile services involve the use of the dot map. They provide the informational items that could be of interest to the map readers. For example, urban facility POI is a typical type of navigational reference that largely influences people's travel behavior and location choice. Thus, generating multi-scale representation of POIs can help users quickly understand an urban environment at different levels of abstraction.
Since the point feature has the dimension of zero, it conveys the environmental information mainly through the spatial distribution patterns of point symbols, and thus the major concern for point feature generalization is how to simplify the point clusters with patterns preserved. This process involves the selection of points, which is traditionally implemented from the perspective of the geometrical properties. However, the geographic knowledge hiding in the point clusters is more than their properties of location and geometric patterns, but their roles in the corresponding functional systems. For example, in the urban functional system, each facility POI has a limited service range, which is formed by the business competitive mode [7] , [8] . Such relationship can avoid vicious competition and wasting resources, assuring a balanced environment for different urban functions [9] . In addition, before planning activities, users usually want to find the concentrated areas of services of interest from the dot maps at different levels of detail. Therefore, accurately delimitating the service areas is critical for the multi-scale representation of facility POIs with functional patterns preserved.
From the point of economic geography, the service area is closely related to both the spatial interaction of facilities and the spatial interaction between facilities and street network [9] , [10] . The former can be well handled by using the Voronoi diagram (VD), which partitions a space through a competitive approach. For the latter, facilities provide their services at different places mainly through the transport network (e.g., street network) [10] , [11] . In this regard, the street network should have a constraint on the construction of service area of facility POIs. However, traditional approaches usually consider the urban space as a homogenous Euclidean one and model the proximity regions of points based on Euclidean straight-line distance [12] , [13] . Since the network shortest-path distance is always larger than or equal to the Euclidean distance, the service areas of facility POIs can be different with use of different distance metrics. The change of service areas would then influence the final point cluster generalization with service patterns preserved.
Considering these characteristics of urban facility POIs, we propose a new approach to the multi-scale representation of points. The approach treats the generalization of POIs as a compete and merge iterative process of service areas. More specifically, we first construct the network distance based VD to delimitate the service area of each POI, and a point that has a relatively small service area is considered to have more intense competition from its neighbors. In this way, we can evaluate the importance of facility POIs based on their functional roles in the urban system. Then, we delete the point that has the most intense competition (i.e., the point that has the smallest service area), and at the same time divide its service area into multiple parts, which would be merged into their respective neighbors of VD. This process will be iterated until the number of the remaining points meets the preset threshold.
Therefore, compared to the traditional approaches [12] , [13] , the proposed approach mainly has the following two merits:
(1) Our framework of compete and merge can preserve the density patterns of POI services after point cluster generalization.
(2) Instead of constructing the VD based on Euclidean distance, our approach uses the network distance to construct the VD, which can take into account the constraint of street network on the service areas of urban facility POIs. In this way, the linear alignments of POIs along the street network can be well preserved after generalization.
The rest of the paper is organized as follows. Section 2 describes the related works of point cluster generalization and discusses the advantages and disadvantages of geometry-oriented methods. Section 3 presents the method for delimitating service areas of facility POIs based on network VD as well as the associated POIs generalization method. Section 4 presents a case study with urban facility POIs and street network data. The generalized results of our method are compared with those of the traditional method to show the effectiveness of the network-constrained method. Section 5 concludes with further remarks.
II. RELATED WORK
According to the Tobler's first law of geography [14] , all the geographic entities are related to each other, and lots of spatial knowledge that is modeled as constraints in spatial optimization techniques is originated from these interactions between associated entities. For example, the dependent relationship between urban services and street network is a typical spatial interaction in urban studies. Some spatial analysis studies have been proposed with a particular focus on this issue [7] , [10] . The basic concept behind these studies is the use of street network constraint to obtain the service patterns in an urban environment. For example, Borruso [7] used the network distance to improve the kernel density estimation of facility POIs, which is treated as the indicator of central business districts. Okabe et al. [10] delimitated the market areas of facilities alongside the street network. Okabe and Yamada [15] analyzed the dependent patterns between facilities based on the network K-function. Porta et al. [8] found that there is a close relationship between street centrality and retail service densities. Recently, Yu et al. [11] used the network-constrained co-location mining technique to study the agglomeration economics of different urban services. In addition, Shiode [16] exploited the linear quadrats instead of 2D quadrats to analyze the spatial distributions of points. Okabe et al. [17] introduced the network constraints into the VD model and delimitated the service areas of facilities under different conditions such as facility weights and road directions.
Although it is recognized that the street network has a significant impact on the spatial alignment of urban facilities, 63922 VOLUME 7, 2019 there are few studies on introducing network constraints in simplifying POI clusters. The constraint based map generalization is an important issue in cartography and spatial database [1] , [2] . The most common cartographic constraints are legibility constraint and preservation constraint. The former (e.g., minimum size of polygons) ensures that readers can easily identify the symbols on a map; and the latter requires that the important characteristics of reality (e.g., spatial patterns) are retained on the target maps [4] - [6] , [18] . Compared to the legibility constraint, the preservation constraint is more difficult to be considered in map generalization, because the spatial interactions between entities/events usually lead to complex spatial dependent relationships (e.g., the relationship between hydrographic and terrain features) [19] , [20] . This may be the reason that different types of features are usually collected and generalized using separate techniques. For example, for point clusters generalization, traditional studies first analyzed the geometric properties of point distributions and then used the generic model such as VD to evaluate the importance of points [12] , [13] . More recently, Yan and Li [21] considered the point weights in such point-selection process. In addition, it is also possible to generalize the point clusters using the grid-based approach, which first drapes a grid over the study region and then retains only one point in each cell. Although this approach is easy to follow, it cannot take into account the spatial variations of point distributions within individual cells [18] .
To sum up, the previous approaches generalize point clusters only considering the point feature itself [12] , [13] , and ignore the fact that the urban facility POIs are constrained by the street network. Therefore, this study proposes in the next section a point feature generalization approach that extends existing approaches in a constrained way to address the above-mentioned problems.
III. METHODOLOGY A. FRAMEWORK
The proposed framework consists of two main parts including service area delimitation (Section 3.2) and point cluster simplification (Section 3.3). The detail of the procedure is as follows (Fig. 1) .
(1) First, construct the Voronoi diagram of POIs based on network distance and calculate the length of 1D Voronoi cells as the service areas of facility POIs;
(2) Second, sort all the points in ascending order of service area; then delete the point with the minimum service area and retain its neighboring points according to the neighboring relationships of Voronoi cells; (3) Third, repeat the deletion operation, and output the final set of POIs when the number of the remaining POIs is equal to the threshold.
B. SERVICE AREA DELIMITATION
The key question in point cluster generalization is which points should be removed. For this problem, our approach uses the strategy of compete and merge, in which the objective is to preserve the distribution patterns of services after map generalization. The more intensive service competition a region has before generalization, the more intensive competition it should have after generalization. Thus, the basic criteria in our algorithm is the local competitive condition of facility POIs. For each POI, its competition with neighboring facilities should be associated to the service area. More specifically, a facility POI that faces more intense competition from its neighbors has a relatively small service area. Therefore, the point-selective omission process can be conducted based on the indicator of local service area of POIs.
In order to delimitate the service area of facility POIs, our approach uses the VD model, which generates the impact ranges of entities through equal partitioning. Traditionally, the VD model considers the object space as an Euclidean space, and computes the Voronoi cells using Euclidean straight-line distance. It should be noted that such assumption is too simple for the events/entities such as urban facilities and traffic accidents. These specific events/entities have spatial interactions with each other following the spatial layout of street network, and from a navigation map, readers tend to find their access to the urban facility POIs along the network routes. Thus, network shortest-path distance and one-dimensional VD model could be more meaningful for the service area delimitation of facility POIs. Under the network-constrained space, the basic components of VD should be nodes and segments instead of the two-dimensional regions. Each facility POI will be firstly projected to the network segments to find its nearest place on the network and then expand outward to obtain its service area. Since the network distance usually takes the detour to the destination, it could be very different from the Euclidean distance.
An example is presented in Fig. 2 . It can be observed that with Euclidean distance point cluster R.1 has a higher spatial density than R.2. According to the preservation constraint presented by Yan and Weibel [13] , such point density pattern should be preserved after generalization; thus, if we use the Euclidean distance, R.1 will obtain a higher density of points than R.2 after generalization. However, with the street network constraint, the points in R.1 are separated far apart and R.2 has a higher density of points than R.1. Therefore, this discrepancy of metrics could lead to the change of result of point clusters generalization.
Since our network VD algorithm needs to equally partition the network for the POIs, the shortest-path searching algorithms such as Dijkstra's algorithm [22] would be used. The procedure of the network VD algorithm is as follows.
(1) Project each POI to the nearest place on the network, and construct the network topology structure based on the segments and nodes.
(2) Calculate the network distances from each POI to all the nodes using Dijkstra's algorithm [22] , and generate the distance matrix for each POI.
(3) For each node, find its minimum distance from all the distance matrices of POIs, and then label it as ''the service area'' of the POI that has the minimum distance.
(4) If the start-node and end-node of a segment have the same label, merge the segment to the corresponding service area of POI; otherwise, divide the segment according to the distances of the start-node and the end-node, and then merge the divided parts to their neighboring service areas.
(5) Finally, extract the one-dimensional Voronoi cells for representing the service areas of POIs (please see Fig. 3 ).
As presented in Fig. 3 , the whole process is based on the network expansion operation. Starting from the projected locations of POIs on the network, the operators expand along the network routes simultaneously, and when they meet each other or reach the ends of the network, the operation stops. In this process, the routes that are traversed by the operator would be assigned as the corresponding service area of POI.
C. POINT CLUSTER SIMPLIFICATION
With the service area delimitation of POIs, the network VD model will be used in the compete and merge process to simplify point clusters. In such stage, we extract two types of information from the network VD model for preserving the density patterns of POIs. The first is the local service density that is defined as the reciprocal of the size of the service area of point. Specifically, the size of the service area can be calculated as the length of the 1D Voronoi cell that consists of multiple segments. The larger the local service density, the more intensive competition the facility POI faces, and the higher priority the POI has to be deleted during generalization. In addition, in order to avoid deleting too many points in any single area, we extract the second type of information from the network VD, i.e., the neighboring relations of POIs. When one point is to be deleted, our approach requires its neighboring points to be ''fixed'' in the current iteration. Note that ''fixed'' points cannot be deleted until the next loop iteration occurs. In this way, the final density pattern of POIs after generalization is consistent with that before generalization.
Based on the above-mentioned criteria, our compete and merge algorithm is designed as follows.
(1) First, calculate the competition level of each POI in terms of the reciprocal of the size of the service area, and then sort them in descending order.
(2) Second, from the ordered set, delete the first POI that is not ''fixed'' (i.e., the POIs that are labeled by red numbers in Fig. 4) ; and at the same time divide equally the service area of this point and merge the divided parts to the service areas of the neighboring POIs; set the neighboring POIs to be ''fixed'' (i.e., the POIs that are labeled by blue numbers in Fig. 4) .
(3) Third, repeat the steps of (1) and (2) until all the POIs have been ''fixed'' or ''deleted''; then set all the remaining POIs to be ''unfixed''.
(4) Finally, repeat the steps of (1), (2), and (3) until the number of the remaining POIs satisfies the threshold given by the users or the Radical Law [23] .
In each iteration (Step 2), our algorithm deletes the points at 1-point interval so as to preserve the point density patterns. Compared to the traditional approaches, the proposed approach based on network distance makes the features extracted from POI distributions reflect more linear layout characteristics of the urban facilities, and thus correspond more to human cognition. For example, as presented in Fig. 4c , when we use the traditional approaches, region R.1 will have three points after generalization the density of which is larger than that in R.2. However, when we use the network-constrained approach, both of R.1 and R.2 will have two points (Fig. 4d) .
IV. EXPERIMENTS AND RESULTS

A. DATA AND SETTINGS
The spatial datasets used in our experiments are derived from the city of Shenzhen, a megacity in South China. As presented in Fig. 5 , the original map includes 6002 street segments and 744 banks (Fig. 5(b) ), 654 restaurants (Fig. 5(c) ) and 734 markets/supermarkets (Fig. 5(d) ). The three types of facilities have different distribution patterns in the study region (Fig. 5(a) ). The data sets were provided by the Geomatics Center of Shenzhen. In order to evaluate the effectiveness of the proposed approach, we implemented the traditional approach based on Euclidean distance [12] , [13] . The two approaches were compared by deleting a half and three-quarters of the points for each type of facilities. To construct the network topology, the street segments were split at the street intersections.
B. ANALYSIS
The main contribution of our approach is that it can preserve the service density patterns of POIs along the street network. First, as presented in Fig. 5a , the service ''hotspots'' on the original map are located in the southern area of Shenzhen, i.e., the central business districts of Futian and Luohu. After generalization, the remaining POIs on the small-scale maps can preserve such pattern well with fewer point symbols (Figs. 6b, 6d, 7b, 7d, 8b and 8d ). This takes advantage of the use of VD to model the neighboring relationships of POIs. In each iteration, the deletion and selection operations are required to occur together (please see Section 3.3) and in this way the spatial variation of point distributions on the source map can be inherited on the small-scale maps. Therefore, the generalized maps facilitate the multiple representations of the same real-world scene.
Second, compared to the traditional approach based on Euclidean distance, our approach evaluates the importance of POIs based on the network distance. Two points are adjacent only if they are directly connected by network routes. The neighboring POIs have competitive relationships with each other, and such information is contained in their service areas, which can be well delimitated by the network VD (Fig. 9) . Thus, it is reasonable to select POIs through the compete and merge procedure. As presented in Fig. 6 , although the overall patterns of POIs on the target maps generalized by the proposed approach and the traditional approach are similar, they vary in some details. For example, as presented in a large portion of the study region (Fig. 10) , some points that are deleted by the traditional approach are selected by our approach, because the neighboring relations of POIs change from Euclidean space to network space. For example, points A and B are selected by our approach, but they are deleted by the traditional approach. Specifically, the traditional Voronoi cell can span multiple discontiguous network portions, regardless of the network topology (Fig. 9a) ; as a comparison, our approach specifies the Voronoi neighboring relationships according to the actual route constraint (Fig. 9b) . Thus, our resulting maps are particularly useful in applications related to the navigation, which focuses only on the driving directions and routes on a street network. As presented in the original dot map (Fig. 9b) , POIs are distributed uniformity on the street segment that point A is located at; thus, the generalized POIs on the small-scale maps should also have the same pattern. However, the planar approach leads to a ''blank area'' of POIs on this street segment (Figs. 10a and c) . In this regard, our approach is more effective than the traditional approach (Figs. 10b and d) . In addition, although the street segment that point B is located at has a higher density of services than its neighboring segments in the original map (Fig. 9b) , the small-scale maps produced by the planar approach delete all the POIs on this segment (Figs. 10a and c) . As a comparison, our approach selects one point to preserve such variation of service density across street segments (Figs. 10b and d) .
In addition, our method can also take into account other constraints such as the importance of urban facilities and the grade of roads. Those factors influence the point cluster selection by constraining the service areas of POIs along roads. For example, a five-star hotel has a wider service area than a general hotel, and a hotel located alongside the main roads also has a wider service area than the one located alongside the minor roads. Considering the two factors, our next experiment constructs the weighted network VD [24] , [25] for point cluster generalization. Compared to the unweighted network VD, the shortest-path distances between POIs and network nodes can be calculated according to Equation (1) .
where D AB is the weighted network distance from facility A to network node B, n r is the number of road segments on the shortest path, L i is the length of the road segment i, G i is the grade of the road segment i, and IP A is the importance value of facility A. The importance value of facilities can be calculated based on their non-spatial attributes, e.g., the star level of restaurants. In general, the more important the facility, the smaller the weighted distance D AB is, and the larger the service area of the facility is. In addition, the high-grade road would also result in large service area in our weighted network VD. Then, we implemented the weighted network VD by using the original datasets including 654 restaurants with three ranks and 6002 roads with three grades (Fig. 11) . The selection results at two scales (retaining a half and a quarter of POIs) are shown in Fig. 12 . As presented in a large portion of the study region (Fig. 13) , the weighted network VD takes into account the ranks of roads and the importance of restaurants, and the result tends to retain the restaurants with high rank and the ones located alongside high-grade roads. (Fig. 5b) .
C. QUANTITATIVE EVALUATION
Based on above-mentioned analysis, it can be observed that our method has the merit of preserving the service density patterns of POIs along the street network from the visual results. Besides the visual inspection, our experiments also conducted the quantitative evaluation using kernel density estimation (KDE) measure [26] , [27] to detect the change of service density patterns of POIs before and after generalization.
The aim of point cluster generalization is to keep the global pattern during scaling that is usually defined as the density distribution pattern in the literature [12] , [13] . More specifically, the local area with higher density of POIs are expected to remain relatively high POI density after generalization. In this regard, whether the original density pattern can be preserved in the maps can be utilized as the criterion for evaluating the effectiveness of the method.
As a common spatial analysis tool, kernel density estimation is widely used to evaluate the point density patterns. It can not only model the distance decay interaction but also incorporate the road network constraint [27] , [28] . In this regard, we calculated the KDE values on each location of the road network to evaluate our method. Specifically, FIGURE 10. The illustration of the results generalized by different approaches, for a small portion of the study area (Fig. 5b): (a) retaining a half of the original points by using the planar method, (b) retaining a half of the original points by using the network method, (c) retaining one-quarter of the original points by using the planar method, and (d) retaining one-quarter of the original points by using the network method.
the network segments are firstly densified by equidistant points. The densified points with equal interval distance (50 meters) cover the whole road network and are used as the VOLUME 7, 2019 FIGURE 11. The datasets of weighted roads and weighted restaurants. proxy of the location for calculating KDE values. Secondly, the KDE value of facility POIs on each densified point is calculated using the network-constrained univariate kernel function k d i s as following [27] .
FIGURE 13. The illustration of the results generalized by different approaches, for a small portion of the study area ( Fig. 12) : (a) retaining a half of the original points by using the network VD method, (b) retaining a half of the original points by using the weighted network VD method, (c) retaining one-quarter of the original points by using the network VD method, and (d) retaining one-quarter of the original points by using the weighted network VD method. where ρ a is the kernel density value on the densified point a, d i is the network distance from densified point a to POI i, n is the number of the POIs which are in proximity to a, and s is the distance threshold (i.e., bandwidth). According to the literature [29] , the setting of bandwidth would affect the result of KDE. Large bandwidth emphasizes more on the global pattern of point density, while small bandwidth emphasizes more on the local distribution of points. Therefore, for evaluating our method comprehensively, we used three different values of s including 500, 1000, and 1500 meters. Then, the service density pattern of POIs can be represented by the KDE values on all the densified points. In this way, the similarity between the original point pattern and the generalized point pattern can be obtained by calculating the KDE difference on the road network. Therefore, we use two indices including the average u of the KDE difference values (Equation (3)), and the percentage p of locations that have a smaller KDE difference value by using our method than by using the traditional method.
where A is the original dataset, B is the selected result of POIs, N is the number of densified points, and ρ A i and ρ B i are the KDE values on the densified point i. Besides, we use u to represent the average value of set C. The average value u closer to zero indicates that the generalized point pattern is more similar to the original pattern; and the larger value of p indicates that the proposed method can make more places preserve the point pattern better after generalization.
The measure values are listed in Table 1 . From the quantitative results, it can be observed that the average values of our method are less than the corresponding values of the traditional method and the percentages of locations on which our method performs better than the traditional method are larger than 50%. That means our method preserves the point density pattern better than the traditional method does after generalization.
In addition, it is known that the road network also needs to be generalized when map scale is changing. Therefore, more experiments are conducted to prove the effectiveness of our approach when the road network constraint has changed. Firstly, two scales (i.e., retaining a half and a quarter of the road segments) of the original road network were obtained. Then, our approach was implemented based on different road networks to generalize facility POIs (Figs. 14, 15 and 16 ). More specifically, a half of points were deleted based on the road network with a half of road segments, and three quarters of points were deleted based on the road network with a quarter of road segments. Finally, the quantitative evaluations were conducted, and the results are listed in Table 2 . It can be observed that the idea of introducing the constraint of road network into point cluster generalization is effective. At the same time, it also shows that our method can deal with different scales of road network.
Furthermore, in above-mentioned experiments, the datasets are derived from the districts of Futian and Luohu, both of which are located in the central area of Shenzhen. In the next experiment, we also evaluated the effectiveness of our method with large-size datasets. For the whole city of Shenzhen, there are 2007 restaurants and 37932 street segments. The generalization scales are set as retaining a half and a quarter of restaurant points by using the traditional method and our proposed method (Fig. 18) . The quantitative evaluations are also conducted based on the original dataset and generalized results. As presented in Table 3 , with our method, the u values in five out of the six cases are lower than those obtained by using the traditional method. In the only exception, the results of our method and the traditional FIGURE 15. The points-of-interest (restaurants) at small-scale maps generalized by different approaches: (a) retaining a half of the original points by using the planar method, (b) retaining a half of the original points by using the network method based on the generalized road network, (c) retaining one-quarter of the original points by using the planar method, and (d) retaining one-quarter of the original points by using the network method based on the generalized road network.
FIGURE 16.
The points-of-interest (markets) at small-scale maps generalized by different approaches: (a) retaining a half of the original points by using the planar method, (b) retaining a half of the original points by using the network method based on the generalized road network, (c) retaining one-quarter of the original points by using the planar method, and (d) retaining one-quarter of the original points by using the network method based on the generalized road network. method are quite close. The reason is that, when the number of POIs to be deleted is large (i.e., deleting three quarters of points), the difference of generalized result is not obvious between our method and the traditional method. In sum, our method is also effective when dealing with large-scale datasets.
D. EFFICIENCY EVALUATION
Next, we evaluated the efficiency of the traditional planar method and our network method. Firstly, we generated several sets of points which are randomly distributed on the road network. These point sets with different numbers of points (i.e., ranging from 100 to 2000) are used as the test datasets in our experiment. The generalization scale is set as retaining a half of the test points on the target map. The evaluation result is presented in Fig. 19 . It can be observed that when dealing with small-size datasets (i.e., datasets with point number less than 1000), our method costs more time than the traditional method does. This is because our method needs to calculate the shortest-path distance to construct network VD. Although the calculating of Euclidean distance costs less time, our method has a higher accuracy (please see Tables 1, 2 and 3) because it uses the actual network distance to measure the neighboring relationships between facility POIs. Another observation is that the running time of the traditional method grows more quickly than our method. This is because the traditional method defines the neighboring FIGURE 18. The points-of-interest in Shenzhen at small-scale maps generalized by different approaches: (a) retaining a half of the original points by using the planar method, (b) retaining a half of the original points by using the network method, (c) retaining one-quarter of the original points by using the planar method, and (d) retaining one-quarter of the original points by using the network method.
relationships of points based on two-dimension plane rather than one-dimension road network (please see Fig. 9 ), and that could result in more iterations of planar VD constructing than our method. In addition, when the point number increases from 300 to 400, the running time of our method decreases. The reason is that: when the point number is 300, our method needs to construct the network VD twice to satisfy the generalization threshold; however, when the point number is 400, our method only needs to construct the network VD once.
To sum up, compared to the traditional method [12] , [13] , the proposed method has the following merits:
(1) Our method can preserve the service density patterns of various types of POIs with the constraint of road network.
(2) Our method is extensible with more constraints, e.g., importance of POIs, road grade, and scale of road network.
(3) Our method performs better than the traditional method in terms of running time when dealing with large-size datasets.
Furthermore, this does not mean that the network approach is always more effective than the Euclidean approach because in reality some events/entities are constrained to the street network while others are not. For example, Euclidean distance is suitable for the generalization of spot heights while network distance is suitable for urban facilities. Therefore, the generalization solution should be determined according to the application context.
V. CONCLUSIONS
The generalization of point clusters is a critical research issue for cartography and navigation. This paper proposes an automated approach for selecting urban facility POIs. The proposed approach improves previous approaches by modeling correctly neighboring relations between POIs, delimitating network-constrained service areas of facilities, and simplifying point cluster with service density patterns preserved. The real datasets including three types of POIs (banks, restaurants, markets) with different distribution patterns were selected to verify the effectiveness of our approach. The experimental result presents that our approach can take into account the street network constraint for service areas delimitation of facility POIs. And the generalized maps can present the service distribution patterns of facilities at multiple scales. This now becomes important since more VGI (volunteered geographic information) data has been collected in the spatial database and sophisticated mapping technologies are required to fully consider the prior knowledge, e.g., street network constraint.
In addition to the traditional mapping applications, the resulting POI datasets with different levels of detail can be further used for progressive transmission of POIs data over the Internet and integrated into a navigation system for driving or other mobile travel applications. For example, when users are driving, the most attention must be paid to the road conditions ahead, and that means the information presented in the navigation maps should be clear and simplified. Moreover, drivers are restricted to travel along the street network. Therefore, the results obtained by using our approach could satisfy the demand of users in numerous mobile applications.
It should be noted that we do not consider the distribution characteristic of POIs on different sides of a street segment. In the future, we plan to select points by preserving the difference of the number of POIs on different sides of a street segment. Furthermore, since many events/entities are constrained by the geographic networks (e.g., water pipelines and street network), we plan to apply the proposed approach to the features such as traffic accidents and water pipe breakages.
